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Abstract 

Background, Aims and Scope. Although LCA is frequently used 
in product comparison, many practitioners are interested in iden¬ 
tifying and assessing improvements within a life cycle. Thus, 
the goals of this work are to provide guidelines for scenario 
formulation for process and material alternatives within a life 
cycle inventory and to evaluate the usefulness of decision tree 
and matrix computational structures in the assessment of mate¬ 
rial and process alternatives. We assume that if the analysis goal 
is to guide the selection among alternatives towards reduced life 
cycle environmental impacts, then the analysis should estimate 
the inventory results in a manner that: (1) reveals the optimal 
set of processes with respect to minimization of each impact of 
interest, and (2) minimizes and organizes computational and 
data collection needs. 

Methods. A sample industrial system is used to reveal the com¬ 
plexities of scenario formulation for process and material alter¬ 
natives in an LCI. The system includes 4 processes, each execut¬ 
able in 2 different ways, as well as 1 process able to use 2 different 
materials interchangeably. We formulate and evaluate scenarios 
for this system using three different methods and find advantages 
and disadvantages with each. First, the single branch decision 
tree method stays true to the typical construction of decision trees 
such that each branch of the tree represents a single scenario. 
Next, the process flow decision tree method strays from the typi¬ 
cal construction of decision trees by following the process flow of 
the product system, such that multiple branches are needed to 
represent a single scenario. In the final method, disaggregating 
the demand vector, each scenario is represented by separate vec¬ 
tors which are combined into a matrix to allow the simulta¬ 
neous solution of the inventory problem for all scenarios. 

Results. For both decision tree and matrix methods, scenario 
formulation, data collection, and scenario analysis are facili¬ 
tated in two ways. First, process alternatives that cannot actu¬ 
ally be chosen should be modeled as sub-inventories (or as a 
complete LCI within an LCI). Second, material alternatives (e.g., 
a choice between structural materials) must be maintained within 
the analysis to avoid the creation of artificial multi-functional 
processes. Further, in the same manner that decision trees can 
be used to estimate 'expected value' (the sum of the probability 
of each scenario multiplied by its 'value'), we find that expected 
inventory and impact results can be defined for both decision 
tree and matrix methods. 


Discussion. For scenario formulation, naming scenarios in a way 
that differentiate them from other scenarios is complex and im¬ 
portant in the continuing development of LCI data for use in 
databases or LCA software. In the formulation and assessment of 
scenarios, decision tree methods offer some level of visual appeal 
and the potential for using commercially available software/ tra¬ 
ditional decision tree solution constructs for estimating expected 
values (for relatively small or highly aggregated product systems). 
However, solving decision tree systems requires the use of sequen¬ 
tial process scaling which is difficult to formalize with mathemati¬ 
cal notation. In contrast, preparation of a demand matrix does 
not require use of the sequential method to solve the inventory 
problem but requires careful scenario tracking efforts. 

Conclusions. Here, we recognize that improvements can be made 
within a product system. This recognition supports the greater 
use of LCA in supply chain formation and product research, 
development, and design. We further conclude that although 
both decision tree and matrix methods are formulated herein to 
reveal optimal life cycle scenarios, the use of demand matrices 
is preferred in the preparation of a formal mathematical con¬ 
struct. Further, for both methods, data collection and assess¬ 
ment are facilitated by the use of sub-inventories (or as a com¬ 
plete LCI within an LCI) for process alternatives and the full 
consideration of material alternatives to avoid the creation of 
artificial multi-functional processes. 

Recommendations and Perspectives. The methods described here 
are used in the assessment of forest management alternatives and 
are being further developed to form national commodity models 
considering technology alternatives, national production mixes 
and imports, and point-to-point transportation models. 

Keywords: Decision trees; expected value; inventory analysis; 
material choice; process choice 


Introduction 

Often, when building a life cycle inventory, process and 
material alternatives are relevant throughout the life cycle. 
For example, a fuel cell power plant for the production of 
electricity can mean the inclusion of upstream processes for 
the production of hydrogen or natural gas, consideration of 
heat recovery or the exhaust of waste heat, and the disposal 
or recycling of steel, graphite, and/or ceramic components. 
Selection among the alternatives can reveal an improved 
system. Thus, there is a focus here on process and material 
alternatives within a life cycle inventory (LCI) and opportu¬ 
nities to improve or optimize the system. 
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Extensive research has focused on inventory optimization. 
Notably, Azapagic and Clift provide not only a review of 
methods and applications but also additional implementa¬ 
tion details [1-3]. Their overall method begins with a con¬ 
tribution analysis for a baseline Life Cycle Assessment (LCA) 
which is used to identify 'hot spots' in the system where 
alternatives should be considered. Next, these authors use 
multi-objective optimization as the basis for identifying the 
optimal system. Here, we provide additional information 
on scenario formulation and data management and evalu¬ 
ate the usefulness of decision tree and matrix computational 
structures in the assessment of material and process alterna¬ 
tives. We assume that if the goal of an analysis is to guide 
the selection among alternatives towards reduced life cycle 
environmental impacts, then the analysis should estimate 
the inventory results in a manner that: (1) reveals the opti¬ 
mal set of processes with respect to minimization of each 
impact of interest, and (2) minimizes and organizes compu¬ 
tational and data collection needs. 

Existing methods for scenario formulation and evaluation 
are decision tree analysis, disaggregation of the demand vec¬ 
tor, process aggregation, and statistical simulation: 

1. Scenario or decision tree analysis. Decision trees have 
long been used in the economic analysis of industrial sys¬ 
tems [4, 5] and more recently in data mining [6, 7] and 
countless other applications. Similarly, Heijungs and Suh 
[8] cite Morgan and Henrion [9] who suggest the use of 
scenario or decision trees in LCA. As demonstrated in 
Bage [10,11], this method uses "scenario trees with quali¬ 
tative levels to study the propagation of uncertainties due 
to the process alternative chosen." By 'qualitative lev¬ 
els,' Morgan and Henrion mean that the scenario trees 
have multiple levels of decisions each with their own 
probabilities and values. 

2. Disaggregation of the demand vector. In an LCI, the de¬ 
mand vector represents the reference flow or the amount 
of product demanded by the economic system of interest 
to fulfill the functional unit. In Heijungs and Suh's math¬ 
ematical formulation, the demand vector is used with the 
technology matrix A (representing all flows within the 
technosphere or flows between unit processes within the 
system boundaries) to estimate scaling factors s or the amount 
of each unit process needed to meet the system demand 
(such that s=A _1 f). Disaggregation of the demand vector 
allows comparison of system alternatives through the 
preparation of a demand matrix f (combining vectors as 
f 1? f 2 , etc.) so that a scaling matrix s (denoted as s 1? s 2 , etc.) 
represents separate solutions to the inventory problem. 

3. Process aggregation. In this method, process alternatives 
are aggregated into a single process whose flows are 
weighted averages of all process alternatives by the per¬ 
centage of market share or the probability that each al¬ 
ternative is applied. This method is often used in model¬ 
ing the 'electricity grid' for regions or countries. However, 
Heijungs and Suh note that technology probability mea¬ 
sures can be very difficult to obtain for the wide variety 
of process technologies modeled within an inventory. Lur- 
ther, aggregation of process alternatives does not facili¬ 
tate selection between alternatives when such selection 
is possible. 


4. Statistical simulation. Heijungs and Suh again cite Mor¬ 
gan and Henrion who suggest the use of Monte Carlo 
simulations based on probability distributions. However, 
Heijungs and Suh also describe process alternatives as a 
'discrete choice' that, unlike other uncertainties in LCA, 
cannot be described in terms of Gaussian distributions. 
Within that context, there is only one mention of multi¬ 
modal distributions by Morgan and Henrion. They state 
it is easier to see multi-modal distributions with a prob¬ 
ability density function than it is with a cumulative dis¬ 
tribution function. However, they note that "It is gener¬ 
ally easier to express probabilistic dependencies among 
variables as discrete conditional probability distributions, 
than to express them in terms of correlations between 
continuous variables." 

It is important to note that material alternatives in a sce¬ 
nario can occur with or without process alternatives. Lor 
example, whereas alternative pesticides can be used in crop 
production with no other changes in that unit process, the 
use of liquid carbon dioxide or siloxane (D5) in dry clean¬ 
ing requires different equipment and energy and ancillary 
material flows than systems using perchloroethylene. Mate¬ 
rial alternatives can be modeled as process alternatives by, 
for example, recording material differences in the process 
name: one might name the unit process for dry cleaning as 
'dry cleaning using perchloroethylene,' 'dry cleaning using 
liquid carbon dioxide,' and 'dry cleaning using siloxane.' 

Noting that the use of aggregation of all process and mate¬ 
rial alternatives and Monte Carlo simulations do not allow 
sufficient differentiation between alternatives in situations 
in which such a choice can be made, further investigation of 
decision tree analysis and disaggregation of the demand vec¬ 
tor are presented here. 

1 Example Product System with Process and 
Material Alternatives 

Consider for example the product system presented in the 
process flow diagram in Lig. 1, displaying only flows within 
the technosphere (flows between unit processes within the 
system boundaries) and not including for example energy 
production and transport. As shown, P A is the process that 
produces material A and processes P B1 or P B2 can be used to 
produce material B. Materials A and B are then used in P c 
to produce material C. Next, material C is used in P F1 or P F2 
to produce material P. Pinally, material P is combined with 
material D or E produced in P D1 or P D2 or P E1 or P E2 in the 
final process which creates the end product. In summary, 
Pig. 1 includes: 

1. Process alternatives. A set of processes that produce the 
same product using different methods. Process alterna¬ 
tives are designated by P mi where m is the type of prod¬ 
uct produced and i is an index for the alternatives in the 
set. There are 4 processes each with 2 process alterna- 
tives in Fig. 1: P B1 or P B2 ; P D1 or P D2 ; P E1 or P E2 ; and P F1 
or P F2 . 

2. Material alternatives. A set of materials that can be used 
interchangeably in a specific unit process. There is one 
material alternative in Pig. 1: the use of material D or E 
in the production of the end product. 
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Fig. 1: Process flow diagram for the example product 


The example system includes 7 processes (P A - P F and P EP , 4 
of which have 2 alternatives) and 6 materials (A-F, 1 of which 
has 2 alternatives: process P EP can use material D or E) re¬ 
sulting in 16 unique systems or scenarios to be evaluated. 

Further consideration of the example product system reveals 
two critical issues: (1) each time consideration of an alter¬ 
native is added to an LCA, the data collection, management, 
and assessment requirements increase and (2) the ability to 
actually choose between alternatives may not span the en¬ 
tire life cycle. For the latter, a product designer is able to 
specify the use of recycled as opposed to virgin materials 
but may not be able to dictate the use of only renewable 
energy sources in materials production nor whether or not 
the product user actually recycles the final product. Thus, 
an opportunity exists to investigate mathematical system 
reduction methods that include only viable decisions among 
process and material alternatives. Thus, an assessment of 
decision tree and disaggregated demand vector analyses as 
applied to the example product system follows. 

2 Decision Tree Methods 

LCA practitioners can use decision trees to formulate and 
evaluate scenarios for process and material alternatives. As 
suggested by Heijungs and Suh [8], decision trees can be 
used to prepare scenarios in an organized fashion while still 
maintaining relationships between the parameters. In addi¬ 
tion, decision trees allow the practitioner to differentiate 
between decisions that can be made and chances or prob¬ 
abilities for which there is no control. Despite these advan¬ 
tages within the context of LCA, Heijungs and Suh provide 
little information on the use of scenario or decision trees in 
LCA and little research was found that implemented deci¬ 
sion tree methods in the context of LCA. An exception is 
presented by Bage, et al. [10,11] who use decision tree analy¬ 
sis to determine the path that will provide an optimal solu¬ 
tion in the remediation of contaminated sites. Their example 
lays out very distinct stages or 'qualitative levels' in the 
remediation of an example site and provides a mathemati¬ 
cal basis to determine the optimal solution based on prob¬ 
abilities. These authors recognize that decisions made up¬ 
stream affect the processes that occur after a decision is made 
and that there are only a limited number of choices that are 
under the decision-maker's control. However, their example 
does not address multiple decisions occurring concurrently 


and how decisions affect upstream processes. For example, 
in the product system depicted in Fig. 1, if Material D is 
chosen over Material E (a decision made relatively late in 
the life cycle) the upstream processes change where as in the 
work of Bage, et al., the decisions only affect subsequent life 
cycle processes. 

To assess the impact of alternatives on both the up- and 
down-stream processes, two types of decision trees are devel¬ 
oped here: (1) a single branch decision tree stays true to the 
typical construction of decision trees such that each branch of 
the tree represents a single scenario, and (2) a process flow 
decision tree which strays from the typical construction of 
decision trees by following the process flow of the product 
system such that multiple branches represent a single scenario. 
Each scenario includes a series of decisions and chances that 
reflect discrete choices among process and material alterna¬ 
tives that either can be made (e.g., design decisions such as 
will the product be made from aluminum or plastic) or can¬ 
not be influenced (e.g., chances such as whether a blast or 
electric arc furnace is used in steel production). 

Fig. 2 presents a single branch decision tree assuming the 
there is control over the selection between P B1 and P B2 , be¬ 
tween materials D and E, and between P E1 or P E2 but must 
leave to chance the use of P D1 or P D2 and the use of P E1 or 
P E2 . In keeping with typical development of decision trees, 
decisions are represented as boxes and chances are repre¬ 
sented as circles. At each decision or chance node, the tree 
branches and new branches are added. Each branch must 
be followed through to the end product, with one scenario 
of the 16 possible highlighted in Fig. 2. 

As shown in Fig. 2, if multiple materials enter into a unit 
process, the practitioner must represent these processes as 
sequential processes in order to keep each scenario a single 
branch. In the example, materials C and D are needed to 
create material F; however, when looking at the decision 
tree, it appears as if P c is needed to produce an input to P D1 
when in reality both P c and P D1 feed directly into P E1 . This 
construction can be confusing to practitioners familiar with 
process flow diagrams but is necessary to allow the user to 
follow only one branch to the end of a scenario as is typical 
in decision tree construction. 

The single branch method has a number of advantages and 
disadvantages. The fact that this method follows only one 
branch is its biggest advantage and when the number of unit 
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process and material alternatives are small this method might 
be the preferred method. Another advantage is that the method 
allows the use of readily available decision tree mathematical 
formulations and software, for the management and analysis 
of inventory data. However, the single branch method has a 
major disadvantage when looking at larger process systems: it 
gets very complicated very quickly. Because there is only one 
branch being followed for a single scenario all of the pro¬ 
cesses for all the materials must be in each branch, meaning 
that (1) each process alternative is repeated many times in the 
total tree and (2) the processes will not necessarily be in order 
of material and process flow causing confusion as which pro¬ 


cess is actually followed by the previous processes and which 
materials flow into which processes. 

The process flow decision tree method was developed so 
that the flow of the processes and materials within the deci¬ 
sion tree would appear intuitive to practitioners familiar with 
process flow diagrams. The decision tree is again developed 
from beginning to end. However, when processes require 
multiple inputs, a scenario must have multiple branches as¬ 
sociated with it. Fig. 3 shows an example process flow deci¬ 
sion tree using the system defined above and highlighting 
the same scenario as is highlighted in Fig. 2. 
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Scenario 1: End product with B 
from Pbi and E from P E1 

Sceanrio 2: End product with B 
from P B i and E from P E 2 


Scenrio 3: End product with B from 
PB 2 and E from P E i 

Scenario 4: End product with B 
from Pb 2 and E from P E 2 


Fig. 4: Example product system with available process decision and material chance nodes (as a process flow decision tree) 


The process flow decision tree method makes it easier to 
visually follow the actual flow of materials and processes 
while still showing the decisions and chances throughout. 
However, the practitioner must follow multiple branches 
to the end product and therefore cannot easily use decision 
tree software or solution methods to analyze the process 
tree. On the other hand, there is no confusion as to which 
materials flow into and out of each process because all pro¬ 
cesses are laid out in a way that also represents the material 
and process flows. Also, the tree again becomes quite com¬ 
plicated for large systems and decision tree software can 
not be used as designed to estimate the pay-off using the 
process-flow decision tree method. 

Both the single branch method and the process flow method 
become very complicated when looking at large product 
systems. Because the decision trees get so much larger as 
the number of decisions and chances within the tree in¬ 
crease, the aggregation of process and material alternatives 
at chance nodes is investigated below to eliminate unavail¬ 
able choices. 

Again, aggregation of process and material alternatives can 
be based on market shares or the probability that the cho¬ 
sen technology is appropriate. Suppose, referring again to 
Fig. 1, that both the process and material alternatives are 
aggregated. For example, the production of materials D and 
F are aggregated such that P D1 and P D2 as well as P F1 and P F2 
are combined to create one aggregate process P D /P F . Using 
either method, aggregating process and material alterna¬ 
tives reduces the number of scenarios from 16 to only 6. 
For both methods of aggregation, the decision trees better 
reflect what can be controlled within the life cycle. With 
larger systems this reduction will be even more substantial. 

However, because there is not a unique process for the pro¬ 
duction of material D and F, the unit process P D /P F is multi¬ 


functional. Methods to address multifunctional processes 
are to use [8,12] system expansion, allocation, or the sur¬ 
plus method with the substitution method recommended 
by the ISO 14040 standards as preferred. The partitioning 
and surplus methods can be used, for example, when there 
is no other way to produce the co-product than the process 
being modeled (i.e., no technology exists that can be called 
an avoided process), when computations 'snowball' when 
avoided processes are also multifunctional, or when there 
are significant differences in the quality of products. How¬ 
ever, because system expansion and partitioning essentially 
require the disaggregation of the processes just aggregated, 
any simplification of the decision tree is lost. 

Moving forward, we assume there is an advantage to ag¬ 
gregating process alternatives. We also assume the aggre¬ 
gation of material alternatives should be avoided. As a re¬ 
sult, processes P D1 and P D2 are combined to form P D and 
processes P F1 and P F2 are combined to form P F . The system 
now includes 16 processes and 16 flows within the techno¬ 
sphere, with 4 unique scenarios depicted in Fig. 4. Thus, 
maintaining the 2 process alternatives (a choice between 
P B1 and P B2 and a choice between P E1 and P E2 ) and the 1 
material alternative (a 'chance' between materials D and E) 
dictates a need for 4 ways to produce the final product. 
Note that if the material alternative had been preceded by 
a decision node instead of a chance node, 6 unique sce¬ 
narios would result. 

Next, suppose additional processes are added to the system 
as depicted in Fig. 5. Specifically, suppose P x , P Y , and P z 
precede P A ; P u? P v , and P w precede P B1 ; P Q , P R , P s and P T 
precede P B2 ; P Q and P p precede P c ; P N precedes P F ; P M pre¬ 
cedes P E2 ; and P L and P K follow P E2 . In this case, 'sub-inven¬ 
tories' (or a complete LCI within an LCI) can be used to 
manage LCI data. A sub-inventory solves the inventory 
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Scenario 1: End product with B 
from P 0 i and E from P E i 

Sceanrio 2: End product with B 
from P Q i and E from P E2 


Scenrio 3: End product with B from 
P B 2 and E from P E i 

Scenario 4: End product with B 
from P 02 and E from P E 2 


Fig. 5: Extended production system with available process decision and material chance nodes (as a process flow decision tree) 


problem for sub-systems that cannot be controlled. For 
example, in Fig. 5 suppose sub-inventories are prepared that: 

1. Represent processes used to prepare materials with no 
decision nodes (e.g., P x + P Y + P z + P A = P sA ; Py + P v + 

Pw + PbI = P S B1? Pq + Pr + Ps + Pt + Pb 2 = P S B2? an< ^ Po + Pp 
+ P c = P sC ; and P N + P F = P sF ; and in the general case 
cradle-to-gate commodity materials, grid electricity, and 
materials transport) and 

2. Represent processes preceding and following decision 
nodes (e.g., P M + P E2 + P L + P K = P sE2 ) as appropriate. 

As a result, the system in Fig. 5 is reduced to the same deci¬ 
sion tree depicted in Fig. 4 with the exception that P A is re¬ 
placed by P sA , P B1 is replaced by P sB1 , etc. In other words, even 
though the process flows in each of the processes representing 
sub-inventories would represent the addition of the 16 pro¬ 
cesses, the structure of the decision tree would remain the 
same with the same set of unique system scenarios. 

The use of sub-inventories, although not codified in Heijungs 
and Suh [8] or elsewhere within the context of evaluating 
the life cycle changes for process and material alternatives, 
is not new. For example, when using Ecolnvent [13], the 
practitioner can access data as either process data or as an 
LCI. The latter option essentially provides the practitioner 
with the sub-inventory. However, care must be taken to en¬ 
sure that the assumptions used to prepare such an LCI or 
sub-inventory match that of the full LCA at hand. Given 
this, the data management advantages of using sub-invento¬ 
ries and process aggregation within decision trees are obvi¬ 
ous for the large product systems typically evaluated in LCA. 

Finally, in the same manner that decision trees can be used 
to estimate 'expected value' (the sum of the probability of 
each scenario multiplied by its 'value'), they can be used in 
LCA to estimate expected inventory and impact results. For 
example, the 'expected flow value' can be defined as: 


EFV Nx = ^jFN,y S N,y^N,x ( 1 ) 

y 

Similarly, when contribution to environmental impact is 
considered, the 'expected impact value' can be defined as: 



y x 


where: 

EFV Nx = the expected value of the flow x for scenario N 
P Ny = the probability that process y will occur in sce¬ 
nario N, which is equal to 1 when no process al¬ 
ternatives are considered or the process represents 
an already aggregated process 
s Ny = the scaling factor (again, the amount of each unit 
process needed to meet the system demand) for 
process y in scenario N 

b Nx = inventory flow x (a flow to or from the environ¬ 
ment such as bauxite, carbon dioxide emissions, 
etc.) for each process in scenario N 
EIV N z = the expected value of the contribution of the prod¬ 
uct system to impact z for scenario N 

q xz = the equivalency (or characterization) factor for in¬ 
ventory flow x for impact z 

For both single branch and process flow decision trees, pro¬ 
cess scaling factors (s ) can be estimated using the sequen¬ 
tial method facilitated by common, iterative computing tech¬ 
niques and incorporated into some LCA software tools. 
Heijungs and Suh [8] describe the sequential method for 
determining the scaling factor for each unit process as start¬ 
ing with the end process and sequentially adding the pre¬ 
ceding need for each upstream process as required. Although 
easy to understand, Heijungs and Suh note the sequential 
method is difficult to formalize with mathematical notation. 
Further, any feedback loops (such as the use of fuel to pro¬ 
duce electricity and the use of electricity to produce fuel) 
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must be solved by interrupting the feedback loop after a 
specified number of iterations or at the point when the change 
in the demand is less than a specified amount, replacing the 
process data by data that accounts for the feedback loop, or 
using an infinite geometric progression. 

3 Use of Disaggregated Demand Vectors 

Although lacking the visual appeal of both decision tree 
methods and the potential use of commercially available 
software/ traditional decision tree solution constructs using 
the single branch method, disaggregation of the demand 
vector does not require use of the sequential method to de¬ 
termine scaling matrix values. However, to create formal¬ 
ized notation for representing process and material alterna¬ 
tives throughout the life cycle, disaggregation of the demand 
vector requires careful scenario tracking efforts. Specifically, 
all flows within the technosphere (in the technology and 
demand matrices) must be made distinguishable by the set 
of life cycle processes applied to them. 

Fig. 6 presents an example technology matrix (a matrix of 
technosphere flows for the life cycle) and the associated dis¬ 
aggregated demand matrix. The figure continues the example 
in Figure 4 and uses the computational structure described 


by Heijungs and Suh [8] and in the introduction of this work. 
Again, 2 process alternatives (a choice between P B1 and P B2 
and a choice between P E1 and P E2 ) and 1 material alternative 
(a 'chance' between materials D and F) dictate a need for 4 
unique system scenarios. Here, it is assumed that sub-inven¬ 
tories are used for the production of materials A, B, C, E2, 
and F (the sub-systems that are assumed cannot be con¬ 
trolled). Also, it has been assumed the probability that Ma¬ 
terial D will be chosen is 0.8, leaving the probability that 
Material E will be chosen at 0.2. 

In the interpretation of Fig. 6, it should be noted that the 
demand vector is used to differentiate the chance between 
materials D and E. The technology matrix is established with 
6 end products that represent the scenarios for the produc¬ 
tion of unique end products either using material D or E. 
Next, the probability that material D or E will be chosen is 
captured in the demand vector: for a system demand of 100 
end products, 80 are demanded that use material D and 20 
are demanded that use material E. In this way, the material 
alternative is evaluated without introducing multifunctional 
processes into the system as described above. The scaling 
matrix can next be used to solve the inventory problem for 
the 4 scenarios. 
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Scenario 1: End product with D; E from P E1 ; F thru P sB1 
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Scenario 4: End product with D; E from P sE2 ; F thru P sB2 








Fig. 6: Technology, Demand, and scaling matrices for the example product system with available process and material decisions 


Int J LCA 13 (2) 2008 


121 
































Process and Material Choice 


LCA Case Studies 


To prepare each sub-inventory, a process matrix is created 
for the sub-systems of interest as described by Heijungs and 
Suh [8] with two exceptions: (1) the flows within the 
technosphere of the sub-inventory represent those flows 
needed only in the sub-system (used to estimate the scaling 
factors for the subsystem), and (2) the economic and envi¬ 
ronmental flows for the full life cycle are treated mathemati¬ 
cally as environmental flows (flows that leave the subsystem 
boundaries) in the intervention matrix and repeats the prod¬ 
uct of the sub-inventory. For example, the sub-inventory tech¬ 
nology matrix for P sA could include the production of mate¬ 
rials X, Y, Z, and A (as in Fig. 5); the intervention matrix 
includes the economic and environmental flows for the full 
life cycle; the demand vector demands the production of 
material A; the scaling vector scales the sub-system processes; 
and the results provide economic and environmental flows 
for the sub-inventory to the full LCA. 

The formulation presented in the example above can be used 
to estimate expected impact values using the exact math¬ 
ematical construct presented by Heijungs and Suh [8]: 

v.i ~ TA.gr, ( 3 ) 

/' 

where: 

h N i = the contribution of the product system to impact i for 
scenario N 

q t j =the equivalency (or characterization) factor for envi¬ 
ronmental flow j for impact i 

g N ■ = components of the inventory vector for environmen¬ 
tal flow j for scenario N 

This formulation works because the probability at all chance 
nodes has already been accounted for in the inventory solu¬ 
tion (i.e., by including the probability that material D or E 
will be chosen in the demand vector). 

4 Discussion 

All life cycle systems include material and process alterna¬ 
tives. Given this fact and noting that we are in a time of 
increased inventory data availability, consideration of alter¬ 
natives in LCA is a critical methodological advancement. 
Specifically, LCAs should proceed with inventory method¬ 
ologies that: (1) reveal the optimal set of processes with re¬ 
spect to minimization of each impact of interest while con¬ 
sidering what decisions can and cannot be actually made, 
and (2) minimize and organize computational and data col¬ 
lection needs. 

Key among the contributions here relate to process aggrega¬ 
tion and the presentation of assessment results in scenario for¬ 
mulation. First is the recognition of the system reduction ad¬ 
vantages of aggregating process alternatives but not material 
alternatives. The latter creates artificial multifunctional pro¬ 
cesses, and therefore creates a computational loop that does 
not assist in the identification of an optimal set of processes. A 
second key contribution is the introduction of the use of ex¬ 
pected inventory and impact values, directly taken from deci¬ 


sion tree computational methods. The use of expected values 
forces the explicit presentation of scenario results and the 
consideration of probabilities throughout the life cycle. 

Also for scenario formulation, we note the importance and 
complexities of naming scenarios in a way that differenti¬ 
ates them from other scenarios. This is important when con¬ 
sidering the development of LCI data for use in databases or 
LCA software. Although it is common to state the location 
of the end product and other scenario descriptors in the meta 
data, should data for a wide variety of alternative product 
systems for the same end product be entered into a data¬ 
base, relevant descriptors should be moved into the data set 
name. At a broad level, such a naming convention is already 
in use: the names of unit process data sets based on primary 
materials are commonly differentiated from those based on 
recycled materials. Should there be wide interest in captur¬ 
ing additional process and material alternatives within LCA 
databases, a structured and end-product-specific naming 
convention is needed. 

Considering the usefulness of decision tree and matrix meth¬ 
ods in scenario formulation, decision tree methods have 
advantages such as easily allowing the practitioner to get a 
visual picture of the system and the available alternatives 
throughout the life cycle. In addition, the decision tree meth¬ 
ods allow interpretation of the impact of decisions early in the 
life cycle to be easily considered. Another advantage is that 
these methods allow the user to differentiate between deci¬ 
sions and chances and to incorporate these findings into the 
expected impact value. This eliminates any variables in which 
there is no control over the result. Despite these advantages, 
when looking at large systems, little is gained computation¬ 
ally due to the need to sequentially estimate scaling factors. 
Finally, once the scaling factors are estimated, decision tree 
software can be used with the single branch method to fur¬ 
ther assess expected inventory and impact values. 

Finally, although disaggregation of the demand vector lacks 
the visual appeal and possible use of decision tree software of 
the decision tree methods, being able to estimate scaling fac¬ 
tors without the sequential method is a clear advantage when 
a formal mathematical construct is desired. Although care¬ 
fully naming technosphere flows and unit processes can be 
quite burdensome and may not be possible in some LCA soft¬ 
ware tools due to text-length limitations, given the number of 
unit processes typically evaluated in an LCA, this data man¬ 
agement step is worth the effort when balanced with the abil¬ 
ity to apply a matrix-based LCI computational structure. 

5 Conclusions and Perspectives 

Although LCA is frequently used for product comparison, 
here we recognize that improvements can be made within a 
product system by those capable of making such improve¬ 
ments. This recognition supports the greater use of LCA in 
supply chain formation and product research, development, 
and design. 

In our exploration of scenario formulation and data man¬ 
agement, we find that data collection and management are 
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facilitated by the use of sub-inventories (or as a complete 
LCI within an LCI) for process alternatives and the full con¬ 
sideration of material alternatives to avoid the creation of 
artificial multi-functional processes. We further note the 
importance and complexities of naming scenarios in a way 
that differentiates them from other scenarios. We conclude 
that further investigation of unit process naming conven¬ 
tions is needed should there be wide interest in capturing 
additional process and material alternatives for end prod¬ 
ucts modeled within LCA databases and software. 

In our evaluation of the usefulness of decision tree and ma¬ 
trix methods in modeling process and material alternatives, 
we assume that each analysis method should reveal the op¬ 
timal set of materials and processes as well as minimize and 
organize computational and data collection needs. We con¬ 
clude that although both methods are formulated herein to 
reveal an optimal life cycle system, because demand matri¬ 
ces allow the simultaneous estimation of scaling factors, we 
prefer its use in the communication of methodological ad¬ 
vances based on matrix structures and in the development 
of LCI documentation for peer review. 

The methods described here have been used in the assess¬ 
ment of forest management alternatives (see Sonne [14]) and 
are being used in two regional planning efforts. First, alter¬ 
native harvest practices and end-product conversion and 
fabrication processes are being considered in planning the 
ultimate management of forest residuals in California and 
Washington State. Second, substitutes, recycling, trading 
among a variety of partners, and disposal options are being 
evaluated for the management of solvents in King County, 
Washington. We conclude that without the assessment of 
alternatives in these systems, we would be missing impor¬ 
tant planning opportunities for life cycle improvements. 
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Abstract 

This paper explores the use of LCA as a tool for process environ¬ 
mental management, thereby moving the focus from product to 
process oriented analysis. The emphasis is on Improvement As¬ 
sessment in which the 'hot spots' in the system are targeted for 
maximum environmental improvements. In this context, it is use¬ 
ful to use multiobjective optimisation which 
renders Valuation unnecessary. The approach is illustrated by the 
case study of the system processing boron ores to make five dif¬ 
ferent products. The results of Inventory Analysis and Impact As¬ 
sessment are presented and discussed. In Improvement Assess¬ 
ment, a number of improvement options are identified and evaluat¬ 


ed, using system optimisation. It is shown that the site environ¬ 
mental performance can be improved over current operation by 
an average of 20% over the whole life cycle. Thus the study dem¬ 
onstrates that the optimisation approach to environmental pro¬ 
cess management may assist in identifying optimal ways to oper¬ 
ate a process or plant from 'cradle to grave'. This may help the 
process industries not only to comply with legislation but also 
provide a framework for taking a more proactive approach to 
environmental management leading to more sustainable indus¬ 
trial operations and practices. 

Keywords: Boron products; environmental impacts; environmen¬ 
tal system management; system optimisation 
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